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The microgrid concept provides a flexible power supply to the utility where 
the conventional grid is unable to supply. The microgrid structure is based on 
renewable energy sources known as distributed generators (DGs) and the 
power network. Nevertheless, the power quality (PQ) is a great challenge in 
the microgrid concept. Particularly the inclusion of renewable energy sources 
into the conventional grids increases the problems in the quality of power, 
like voltage sag/swell, oscillatory transient, voltage flickering, and voltage 
notching which reduces the quality and reliability of the power supply. In this 
paper, a microgrid is considered which consists of PV cells as DG, battery 
energy storage system (BESS), and a novel control strategy known as the 
nonlinear autoregressive exogenous model (NARX). The proposed controller 
is an improved artificial neural network (ANN). The various case studies like 
sag/swell, unbalanced condition, and voltage deviation have been simulated 
with the model. The comprehensive simulation results are compared with the 
proportional-integral (PI) controller. Hence in this paper, the robustness of 


the proposed controller has been studied through different situations. 
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1. INTRODUCTION 

The conventional power generation resources are limited by fossil fuels and other natural gas, oil, 
etc. which has a great impact on the environment through pollution. Thus, the integration of renewable 
energy sources (RESs) forced into the conventional grid. The inclusion of RESs like photovoltaic (PV), 
diesel generators, wind turbines (WTs), small hydropower plants, and fuel cells have significantly changed 
the microgrid structure and the AC networks [1]. RESs amalgamation has changed the topological structure 
of the power grid from condensed generation to dispersed production, especially, the small-scale generation 
which is more accessible to the load panels [2]. In various countries quality of power and their consistent 
performance of unadventurous distribution networks have been demeaned. So, the notion of microgrid (MG) 
is taken into consideration to prevent these network deficits [3], [4]. The general ascribe of MG are small 
hydropower plants, energy storage systems, PV, wind turbine, etc. [5]-[7]. MGs run both in shielded mode 
and grid-associated mode [8]. There is a variation in the guidance requirements based on the mode of 
operation and controlled elements like DGs, loads, and energy storage devices [9]. The MGs are normally 
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classified on the principle of grid inclusion type and inverter type and there are other types of DGs such as 
gas turbine, micro-generator, and internal combustion engine-based AC grid which is connected to the 
conventional grid. The inverter types of DG include a power electronics interface [10]. The fast detection of 
various faults in the isolated mode of operation without loss of energy and achieving more reliability in DC 
microgrid and the neural network is trained during various faults [11]. A new artificial neural network (ANN) 
control has been investigated for minimizing the power quality issues with fast control and improved 
reliability and the results were compared with fuzzy PI controller [12]. The neural network is used to have 
optimum voltage and to extract ultimate power and improvement of efficiency by the use of ANN with 
genetic algorithm (GA) which increases convergence speed [13]. The large-scale battery energy storage 
systems (BESSs) are integrated into a microgrid, which consists of a flywheel, wind turbine generator, 
supercapacitor, and magnetic energy storage system [14]-[16]. 

The MG control strategy is classified as centralizing and decentralize strategies and in the first type, 
the entire system is regulated by the central control, and in the second control, scheme based on fuzzy logic 
and PI controller with particle swarm optimization [17]-[18]. An improved sliding mode controller has been 
implemented for frequency control [19]. An intelligent controller in a battery energy storage system (BESS) 
for maintenance of power quality issues is proposed n [20]. A decentralized controller is used for PQ 
improvement by enhancing the converter efficiency in an AC-DC microgrid [21]. A type-2 Fuzzy PID 
controller has been implemented in association with improved GWO Optimisation techniques. A fuzzy 
controller performed well in a supervisory multi-agent system for frequency control in a microgrid [22]-[23]. 
Various optimized controllers like sliding mode; droop control etc have been applied for nano-grid 
application and home automation in real-time applications [24]-[28]. 

In the above literature, the controllers used are not robust to handle the nonlinearity and 
uncertainties. Even if the ANN used in the literature study has low training capacity during the faults. Thus, 
in this paper, the performance of the nonlinear autoregressive exogenous model (NARX) is investigated in 
the case of a PV cell-based microgrid integrated with BESS. The power quality issues have been improved 
by the use of NARX, through, the line to ground LG fault, voltage sag/swell, unbalanced condition, and line 
impedance fault [29]-[30]. The rest part of the paper is organized as follows. Problem formulation is 
discussed in section 2. The MG architecture with various components is discussed in section 3. The PI 
controller and NARX structure are described in section 4. The comprehensive simulation results are 
discussed in section 5 and the conclusion and future scope are given in section 6. 


2. PROBLEM FORMULATION 

In the power system, the integration of power electronics devices generates harmonics and decreases 
the power quality (PQ). The FACT devices like D-STATCOM are also used to reduce the power PQ 
problems for the utility. The major problem is to achieve power qualities within their specified ranges. The 
acceptable ranges such as voltage deviation are within 10%, change in frequency is within 0.1 Hz, total 
harmonic distortion is around 5% and the power factor is to be greater than 0.9. Thus, to achieve the above 
requirement, an efficient and reliable controller is to be formulated and investigated to maintain healthy 
power quality in either mode of working. The following expressions have been used to access the PQ issues 
in the suggested MG topology. The RMS value of voltage can be expressed in sample per cycle is shown as: 


1 oj — 
vim = [ExT (1) 


In (1), ‘m’ is the fundamental voltage sample in a cycle. Vj is the j” sample voltage V;™ is the i" 
sample RMS voltage. The phase difference between phase and RMS voltage is (m-1) sample. It calculates the 
true RMS value due to sampling techniques. The voltage sag/swell are most common types of similarly the 
total harmonic distortion is mathematically calculated as: 


h 


BV? |Vems-¥? 
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The voltage sag, swell, and harmonics are the most common types of power qualities that appear in 
the microgrids. In the case of MG operation, these power quality issues may be enhanced by using the 
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proposed controller for various DERs. In this work, the proposed controller is implemented in the common 
inverter of all DGs. The projected method could be tested by the connection of rectifier loads and quick 
removal of a heavy load. 


3. MICROGRID ARCHITECTURE 

The MG comprises distributed renewable energy generators DGs like photovoltaic cell PV and 
BESSs. All the DGs are integrated with a common inverter and it is connected to PCC through a 50-meter 
line. DGs have their boost converter to step up the dc voltage in MG operation. The utility grid, three-phase 
loads are connected to PCC as displayed in Figure 1. 


NARX Neural Network 


Figure 1. MATLAB/Simulink diagram of the PV-based microgrid 


3.1. PV modelling 
The PV cell generation depends on the dimensions of the array and irradiance along with the 
environmental condition. The PV generation output is given by [31]. 


Pov = NiNpvAmGt (4) 


where Pp, is power generation of the PV model, n; is the instant efficiency of the PV module, Am is the area 
of one module in m?, and G: is the global irradiance incident on the tilted plane (W/m’). The PV module 
efficiency is given by: 


ni = NrefNptel1 _ Ur (te = t,-)] (5) 


where reg is the reference efficiency, Npte is power tracking efficiency (1 for maximum tracking), ne is 
temperature coefficient, te is PV temperature and t, is reference temperature. By the use of ANN, the MPP 
voltage is forecasted and the converter duty cycle is obtained. There are three layers (input, output, and 
hidden) in ANN [18]. The input layer contains 2 neurons, that of the hidden layer is 10 and there is only one 
neuron in the output layer. The maximum eons to train the ANN is 100 and the learning rate is 0.02. The 
solar PV data is given in Table 1. 
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Table 1. Parameters of solar PV module 


Parameter Value 
Open circuit voltage (Voc) 32.92 volt 
Current at short circuit (lsc) 8.21 A 
MPP voltage 26.3 volt 
Module current at MPP 7.61 A 
Temperature 250 C 
Solar radiation 1000 w/m? 
Series PV modules 8 
Parallel PV modules 63 
Maximum power of PV module (Pa) 200 watt 


3.2. BESS modeling 
In general, the lead-acid battery bank is used in the MG to strongly perform the charging and 
discharging process. The available battery bank capacity at ‘t’ hour is given by: 


Cre = Cult- (1-0) [He — Epo (t)Ew (t)| noe (6) 


In (6), Cur (t) and Cp (t-1) are the watt-hour capacity of the battery bank in t and (t-1) hours 
respectively. Niny and 7p; are the efficiencies of inverter and battery respectively. The battery SOC is given 


by: 


SOC = SOC, - — J: I,,(t)dt (7) 


where Camthe normal power of the battery and Ip¢(t) is the battery current. The battery data used in this 
work is given in Table 2. 


Table 2. Parameters of BESSs 
S.No. Size(Ah) Efficacy Least Charge Ultimate Charge Ultimate Highest charge rate 
(%) (%) (%) discharge rate 
01 2160 85 20 80 20kw -40kw 


4. MG CONTROLLERS 

The MG structure is designed with a PV cell and battery energy storage system in MATLAB/ 
Simulink platform. The integration of renewable DGs produces nonlinearity and instability which reduces the 
power quality issues. The output of any renewable-based DER is nonlinear and fluctuating. To obtain a 
smooth output, various control schemes are used in the model. Here PID controller, optimized PID controller 
is applied to the fuel cell inverter. 


4.1. Conventional PID controller 
The PID controller can be operated in three modes such as proportional, derivative and integral and 


is one of linear controller which also controls the nonlinear systems with limited capacity. Mathematically, 
the PID controller is given by: 


u(t) = kpe(t) + k; f e(t) + ka e(t) (8) 
4.2. Artificial neural network (ANN) 


ANN is one of the best soft computing methods for solving nonlinear problems with huge variables. 
The output unit of the feed-forward network is given by: 


Ve = fao w(n)kjz;) (9) 
Zj = fa-1 Lito Wan-nji n = 1,2, ... (10) 


where N, H, and k are the dimensions of the input layer, hidden layer, and output layer. 
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4.3. NARX model 

The NARX is developed from a set of unconnected-time nonlinear systems with the nonlinear 
autoregressive and exogenous input. It is modeled with the nonlinear and active system including the values 
of the output signal and it depends on the input signal principle with the past action of the system [19]. The 
NARX system has been implemented in time-series modeling and in its adaptive learning process which has 
been worked successfully with small-scale data [20]. The numerical expression of the NARX model is given 
by: 


y(t) = f(ult — ny), u(t — ny — 1),..., u(t — Ng — Nnu) y(t — 1),.., y(t — ny)) (11) 


where y(t) and u(t) are input and output signals with the distinct time step t. n, = 1,n, 2 1,n, < ny are the 
memory orders of the input and output layer, and F is a nonlinear mapping function. The neural network is 
called NARX when F is measured by a multilayer perception (MLP), takes as input a window of past 
independent (exogenous) inputs and past outputs for finding the output. Here x is assumed to be the state 
variable vector and x; (t) is the NARX’s i state variable. Then the NARX may be based on two tapped delay 
lines such as ny and ny which are updated by the following law. 


u(t-n)i=n, 
x(t +1) = yQi=n, + ny (12) 
Kini) 1si<n,<i<(n,+ny,) 


Thus at time ‘t’ that corresponds to the value is given by (13)-(15), 
x(t) = [u(t = Ng —1),..,u(t — ng —n,),.., yt — 1), ... y(t — ny)| (13) 


The MLP is structured into the two-layered network of NARX. Nx is the hidden layer node and it 
performs the following function. 


Z(t) = x(t + 1) = o|} ayx t) + bult) + Cili = 1,..., Ng (14) 
where aij, bi, ci are the real-valued weights and N. 
y(t) = Diy wijziCt) + Co (15) 


o is the hidden neuron activation function and approximately the same as the Heaviside step 
function. Similar to traditional NARX has inadequate response approaching by the output neurons only. The 
NARXoutput is sent to the input of the feedforward neural network. However, it has been confirmed that 
such a neural network is having high computational speed and is trained in the open-loop system with 
observed time series data. This is understood that this network is trained just like a classic ANN and 
recursion output. In this work, Vate, Iabc, gate pulse reference signal, and frequency are taken as exogenous 
input and their data set is trained with the comparison of recurrent input like switching frequency. However, 
the Vabe, Iabc, and frequency data set is trained to reduce the power quality issues. 


5. RESULTS ANALYSIS 

Here the proposed control scheme is applied to a microgrid consists of PV cells and BESS. The 
various case studies have been simulated MATLAB/SIMULINK environment through voltage sag/swell, 
unbalanced condition, and a single line to ground fault. The model is simulated with a PID controller and 
NARX. From the results, it is depicted that the NARX model operates better than the PID controller in the 
various investigations. In this simulation, the PID controller parameters are selected as kp is 311.224, kj is 
0.321 and ka is 43.112. 


5.1. Power quality enhancement using NARX model through voltage sag/swell 

The voltage sag is initiated from 0.3s to 0.5s influenced by a 3-phase fault and a voltage swell is 
created from 0.7s to 0.8s by sudden elimination of a heavy load. In this case, the suggested AC microgrid is 
simulated for 0.9s and the performance of the PID controller is shown in Figure 2, and the improvement of 
voltage sag/swell by the suggested controller has been shown in Figure 3. The sag and swell have been 
improved as the voltage sag from 100 V to 200 V, and swell has been improved from 320 V to 225 V, by the 
recommended controller, which is presented in Figure 3. 
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Figure 2. Performance of PID controller in Figure 3. Performance NARX in voltage sag/swell 


voltage sag/swell 


5.2. Power quality enhancement using NARX through the unbalanced condition 

The voltage contour is maintained during unbalancing in Figure 4 and the unbalancing is initiated 
from 0.3s to 0.5s and the model is simulated for 0.6s. During unbalancing conditions, the voltage amount and 
angle are regulated by switching of inverter pulses. The pulse switching control brings the system into 
balance condition at 0.5s quickly. The controller output is shown in Figure 5 and it is superior to the PID 
controller. 
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Figure 4. Performance of PID controller in an Figure 5. Performance of NARX controller in an 
unbalanced condition unbalanced condition 


5.3. Power quality enhancement using NARX through LG fault 

A single line to a ground fault has been initiated between 0.3 s to 0.5 s, and the model is simulated 
for 0.6 s which reduces the voltage in the faulty phase to 5 V to10 V. As shown in Figure 6, during LG fault 
the voltage in other two phases remain unchanged for 0.3 s to 0.5 s. The voltage and current data during the 
faults are trained with the NARX model which improves the voltage to 100 V as shown in Figure 7. Thus, the 
presentation of the proposed controller model is faster and efficient than the conventional PID controller. 


SCNT § 
ei L 


Figure 6. performance of PID controller during LG Figure 7. performance of NARX controller during 
fault LG fault 
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Error histogram is the histogram of the inaccuracies among target values and predicted values after 
training a feed-forward neural network. As these error values show how estimated values are varying from 
the target values, hence these can be negative. Bins are the number of vertical bars you are noticing on the 
graph. The total error range is divided into 30 smaller bins now. Axis represents the number of samples from 
your dataset, which lies in a particular bin. For example, at the mid of your plot, you have a bin 
corresponding to the error of 0.001502 and the height of that bin for the training dataset lies below but near to 
150, and the validation and test dataset lies between 150 and 200. It indicates that several samples from your 
several datasets have an inaccuracy lies in that subsequent range. Zero error line related to the zero error 
value on the error axis (i.e. X-axis). In this argument zero error point falls under the bin with center 
0.001502. The graphical presentation of the error histogram of the NARX model is depicted in Figure 8. 
Figure 9 explains the convergence of the NARX model during the simulation. 
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Figure 8. MSE histogram using ANN algorithm Figure 9. Validation of the proposed NARX model 


5.4. Power quality enhancement using NARX through total harmonic distortion 

The FFT of voltage and current at PCC is investigated in this case. The total harmonic distortion 
(THD) of PCC voltage and current are shown in Figures 10 to 13. The THD of PCC voltage and current with 
PID controller is 8.97% and 9.67%, respectively, and that of voltage and current is 1.27% and 1.69% with 
NARX controller. Thus, the NARX controller performs better in THD calculation. 
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Figure 10. FFT analysis of PCC voltage Figure 11. FFT analysis of PCC current with PID 
with PID controller controller 
Fundamental (S0Hz) = 1740 , THD= 1.27% Fundamental (50Hz) = 3.863e+05 , THD= 1.69% 
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Figure 12. FFT Analysis of PCC voltage with NARX Figure 13. FFT Analysis of PCC current with NARX 
controller controller 
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Here, a microgrid model has been designed with PV cell as a DG, and converter, load, the grid is 
also included. The model has been simulated in the MATLAB Simulink environment through the NARX 
model to maintain the PQ problems. From the simulation results, it is noted that the performance of NARX is 
sufficiently better than the other conventional controllers like PID. However, by the use of the NARX model 
the power quality issues like voltage sag/swell, power factor, and frequency are maintained as per the IEEE 
standard values. 


6. CONCLUSION 

In this work, a microgrid structure is designed in Matlab/Simulink platform which consists of a PV 
cell as distribution generator and integrated with storage system BESSs. The PID controller and the NARX 
are applied to improve the quality of power in a three-phase AC microgrid. The projected ANN-based model 
for maintaining power quality issues is presented in detail in this study. In this paper, the PQ issues are 
monitored through voltage sag/swell, single line to ground fault, and an unbalanced condition. These 
variables are regulated by the proposed NARX model and it is realized that the new controller implemented 
here even if in a changed environment of DGs and irrespective of the geographical condition of the MG 
model to maintains the power quality within the standard value. The ANN library is used with the required 
number of layers and neurons in each layer. The proposed controller is duly compared with the PID 
controllers. 
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